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Abstract
Mutational processes in tumors create distinctive patterns of mutations, composed of neutral “passenger”mutations
and oncogenic drivers that have quantifiable effects on the proliferation and survival of cancer cell lineages. Increases
in proliferation and survival are mediated by natural selection, which can be quantified by comparing the frequency
at which we detect substitutions to the frequency at which we expect to detect substitutions assuming neutrality.
Most of the variants detectable with whole-exome sequencing in tumors are neutral or nearly neutral in effect,
and thus the processes generating the majority of mutations may not be the primary sources of the tumorigenic mu-
tations. Across 24 cancer types, we identify the contributions of mutational processes to each oncogenic variant and
quantify the degree to which each process contributes to tumorigenesis. We demonstrate that the origination of var-
iants driving melanomas and lung cancers is predominantly attributable to the preventable, exogenous mutational
processes associated with ultraviolet light and tobacco exposure, respectively, whereas the origination of selected
variants in gliomas and prostate adenocarcinomas is largely attributable to endogenous processes associated with
aging. Preventable mutations associated with pathogen exposure and apolipoprotein B mRNA-editing enzyme activ-
ity account for a large proportion of the cancer effect within head-and-neck, bladder, cervical, and breast cancers.
These attributions complement epidemiological approaches—revealing the burden of cancer driven by single-nu-
cleotide variants caused by either endogenous or exogenous, nonpreventable, or preventable processes, and crucially
inform public health strategies.

Key words: cancer, tumor, single-nucleotide variants, mutational signatures, effect size, somatic mutation, selection,
evolution, prevention, public health, molecular epidemiology.

Introduction
In the past half-century, our understanding of the origins
of cancers has progressed to a widespread acceptance
that cancers are the outcome of an evolutionary process
driven bymutation, consequent genetic variation, and nat-
ural selection for oncogenic variants (Nowell 1976; Merlo
et al. 2006; Somarelli et al. 2020). Epidemiological studies
have established both an association with age (Siegel
et al. 2020) and causation by exposure to carcinogens
(Smith et al. 2016), demonstrating that endogenous pro-
cesses and exogenous mutagens can increase the rate of
mutations (Barnes et al. 2018), create somatic genetic vari-
ation (Yates and Campbell 2012), and increase the inci-
dence of cancer (Greaves 2015; Golemis et al. 2018). In
recent years, large-scale analyses of whole-exome and
whole-genome tumor sequencing have been able to re-
cover characteristic tissue-specific signatures of these
underlying mutagenic processes in the patterns of variants
that have suffused cancer genomes (Alexandrov et al.

2020). However, the specific cancer-driver architecture
within each kind of cancer tissue has also been demon-
strated to be predictable (Hosseini et al. 2019) and, crucial-
ly, circumscribed (Venkatesan et al. 2017): cancer
evolution is restricted to certain avenues, funneling specif-
ic variants at the rate that they are formed through a dis-
tinct process of fixation and then detection. Therefore, the
causation of cancer by each mutational process is not de-
termined solely by their effect on mutation rate nor upon
the amount of somatic genetic variation they induce, but
critically depends upon the degree to which the specific
mutations they supply provide selective advantages to clo-
nal lineages within tissues that give rise to cancer.

To evaluate selective advantages requires knowledge of
mutation bias, for which characteristic patterns have long
been attributed to specific tissues (Brash et al. 1991; Pfeifer
et al. 2002; Poon et al. 2014; Pfeifer 2015). Over the last dec-
ade, the cancer genomics community has recognized that
patterns of substitutions within genomic sequencing data
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are reflective of mutation bias and are associated with
underlying mutational processes (Nik-Zainal et al. 2012;
Koh et al. 2021). These patterns can be validated within
model organisms under laboratory conditions and attribu-
ted to specific mutagenic sources (Segovia et al. 2015), and
can be consistently deconvolved from the observed substi-
tutions within exome and genome sequencing data, typic-
ally using a nonnegative matrix factorization mathematical
framework (Grolleman et al. 2019). Application of these al-
gorithms to whole-exome or whole-genome data recapitu-
lates underlying mutation rates in their trinucleotide
context without bias from natural selection because the
vast majority of mutations are accumulating neutrally
(Greenman et al. 2007; Cannataro and Townsend 2018).
Nevertheless, Poulos et al (2018) demonstrated that
known major driver mutations are statistically associated
with specific mutational signatures. Therefore, specific
mutagenic processes in different tissues are driving
tumorigenesis via mutations in genes that confer a survival
and proliferative advantage to somatic cells. Estimation
of the effects of each mutagenic process on the develop-
ment of cancer requires quantification of the effects
of each somatic single-nucleotide variant (SNV) toward
tumorigenesis.

Quantification of the cancer effect of mutations re-
quires estimation of their relative impact on cancer lineage
survival and replication, an estimation that critically de-
pends on an understanding of the baseline rate of muta-
tion in the absence of natural selection (Cannataro and
Townsend 2018). Ostrow et al. (2014) performed a com-
prehensive analysis of ratios of nonsynonymous change
to synonymous change to quantify genome-wide natural
selection in the somatic evolution of cancer. This dec-
ades-old approach has recently been adapted to the nuan-
ces of cancer evolution in several meaningful ways (Shpak
and Lu 2016; Zhao et al. 2016), including taking tissue-
specific trinucleotide mutational patterns into account
(cf., Van den Eynden and Larsson 2017). Martincorena
et al. (2017) performed an analysis using trinucleotide sub-
stitution rates and covariate-informed gene-level muta-
tion rates to quantify gene-wide selection conferring
enhanced proliferation and survival of cancer cell lineages.
Temko et al. (2018) deconvolved the underlying mutation-
al signatures in tumor sets, associated signatures and dri-
vers, and quantified the relative intragenic selection of
the somatic SNVs in a selection of high-burden driver
genes. Cannataro, Gaffney, and Townsend (2018) quanti-
fied the site-specific selective effect of each somatic SNV
during primary tumor development by determining the
constituent mutational signatures driving mutation load
in each tumor, coupling these rates with covariate-
informed gene-level mutation rates, and quantifying their
contribution to cancer cell lineage survival and reproduc-
tion in comparison to the convolved baseline mutation
rate. These cancer drivers—and their relative effect—
may be related back to the mechanisms driving genomic
variation, that is, the processes behind the detected muta-
tional signatures.

Mutagenic environmental exposures have been corre-
lated to specific cancer incidences by epidemiological
studies spanning the previous 70 years (Doll and Hill
1950; Loeb and Harris 2008). Recently, cancer incidence
has also been correlated with tissue-specific stem-cell div-
ision numbers (Tomasetti and Vogelstein 2015; Tomasetti
et al. 2017), which has been interpreted as evidence that
cancers are mainly driven by endogenous, that is, aging
or “bad luck”, effects. Other analyses dispute this conclu-
sion, pointing out that it is confounded by the sensitivity
of rapidly dividing tissues to exogenous mutational sources
(Ashford et al. 2015; Wu et al. 2016), and by the exclusion
of cancer types with known environmental causes (Wild
et al. 2015). To determine the relative contributions of en-
dogenous and exogenous processes on cancer phenotypes,
tumor sequence data can be used to parameterize the
magnitude of age-associated, exogenous, and preventable
mutational processes that contribute to molecular vari-
ation and the consequent cancer effects of each mutation
attributable to these processes on tumorigenesis. Such
analyses of the evolutionary dynamics driving tumorigen-
esis back to the sources of the heterogeneity fueling cancer
evolution are essential to the advancement of our under-
standing of oncogenesis and cancer prevention.

Here we analyze the signatures of mutational processes in
diverse cancer types. We quantify the cancer effect size of
consequent recurrent SNVs.We determinewhich cancer dri-
vers in each tumor are attributable to processes that have
been associated with preventable sources of mutagenesis.
We quantify the contribution of each mutagenic process to
cancer effect in individual patient tumors, and their relative
contribution across tumors within sampled cancer types.
We identify cancer typeswhere thediscrepancybetweenmu-
tagenic input and cancer effect is largest, and smallest, and
analyze which mutagenic processes are most proportionally
discrepant with their cancer effect within each cancer type.
This analysis enables comparisonof the proportions of cancer
effect attributable to age-associated processes to the propor-
tions of cancer effect attributable to putatively preventable
mutagenic processes such ultraviolet (UV) light exposure, to-
bacco smoking or chewing, and apolipoprotein B mRNA-
editing enzyme (APOBEC) mutagenesis, addressing a long-
standing controversy regarding the role of endogenous
“bad luck” and exogenous exposure to tumorigenesis—and
moreover, informing the benefits of prevention of mutation
in the prevention of cancer.

New Approaches
In each tumor, the probability that a substitution of class j
was produced via signature i is an entry of the probability
source matrix

Pi,j = ciCi,j

�c ·C·j
, (1)

where �c is a vector of the proportional contributions to
the tumor mutational burden of each biological signature
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(see Methods), and Ψ is a matrix defining the biologically
relevant signatures, with each entry Ψij being the
proportion of substitutions produced by signature i that
are of trinucleotide context-specific substitution class j
(e.g., A[C→T]T).

We define the cancer effect of each k substitution, γk, as
in previous work (Cannataro, Gaffney, Stender, et al. 2018):
we quantified mutation as occurring at an intrinsic rate μ
per cell over the duration of somatic tissue evolution.
Consequently, the expected number of substitutions
for a given site in a tumor is the product of their
origination rate N× μ times the probability that the mu-
tated lineage spreads to fixation within the tumor cell
population N. We assume that, at the time of sequencing,
N is consistent across tumors within a given tumor type.
We define this probability of fixation as u(s), where s is
the population-genetic selection coefficient (Hartl and
Clark 2007), leading to an enhanced flux λ=Nμ× u(s)
of fixations of mutations. Because the probability of fix-
ation of a neutral mutation is 1/N and the rate of neutral
mutation within the population is N× μ, the rate of fix-
ation of neutral mutations within a population is equal
to μ.

The ratio of these two fluxes l
m = N×m× u(s)

N×m× 1
N
. Therefore,

g = l

m
= N× u(s) (2)

quantifies the relative increase in cellular proliferation and
survival conferred by observed somatic variants. We use
the term cancer effect, or “scaled selection coefficient,”
for the left hand side of equation (2), which can be esti-
mated given knowledge of the flux of selected mutations
and the intrinsic mutation rate, making a parallel to the
classic derivation of scaled selection coefficient γ= 2Ns
derived from population-genetic models like the
Wright-Fisher and Moran models (Sawyer and Hartl
1992; Innan and Kim 2004; Bustamante 2005; Parsons
and Quince 2007).

Considering a set V of variants that are present in the
tumor, the proportion of total cancer effect in the tumor
contributed by process i through variant k is

ai,k = gkPi,j(k)∑
v[V

gvPi,j(v)
, (3)

where the cancer effect of variant k, γk, that is attributable
to a mutational process i is γkPi,j(k), the function
j(·) maps any genomic substitution k or v to its
trinucleotide-context class, and v indexes each variant in
the tumor.

As in previous analyses (Cannataro, Gaffney, and
Townsend 2018), we used a “soft” definition of fixation,
which was that a variant was fixed as soon as it reached
a high enough intratumor frequency to be detected during
the typical whole-exome sequencing of data sets analyzed
herein. Unlike previous analyses, we calculated the effect

size for every variant recurrent in more than one tumor
by maximizing the likelihood function

L(g|m1, . . . , mM, . . . , mZ) =
∏M

i=1

1− e−mig

×
∏Z

i=M+1

e−mig,

where μi, 1≤ i≤ Z, is the rate of mutation to variant k for
this tumor, and where M and Z are defined such that the
variant is present in M tumors and there is an absence of
any same-gene variants in tumors M+ 1…Z (we exclude
tumors with other variants in the same gene from the latter
group due to the likelihood of reduced selection for subse-
quent same-gene mutations in these tumors). Each tumor-
specificmutation rate was calculated by extracting themu-
tation rate in each trinucleotide context of each variant
from the tumor-specific mutational signature weights
(eq. 1) and convolving it with the gene-specific mutation
rate as in Cannataro, Gaffney, and Townsend (2018).

To quantify the extent to which a mutational process i
contributes to cancer effect through a given variant k
across a cancer cohort, we calculated the mean value of
αi,k across tumors, where the value of αi,k for a tumor with-
out variant k is defined to be zero. To quantify the
population-level proportion of cancer effect contributed
by mutational process i, we calculated the total value of
αi,k across all variants and tumors within a cancer cohort,
and then calculated the proportion by which each process
i contributes to this total attributed cancer effect.

Results
Proportional Contributions of Mutational Processes
to Cancer Effect Can Be Calculated
To determine the sources of mutagenesis occurring in tu-
mor samples, we deconvolved the mutational burden of
each tumor into the most likely distribution of attributed
SNV mutational signatures (Petljak and Alexandrov 2016;
Alexandrov and Zhivagui 2019). Applying signature decon-
volution to 1,000 bootstrap resamples of a lung squamous-
cell carcinoma (LUSC) tumor variant set from a single
patient (TCGA-98-A53J-01A-11D-A26M-08) yielded four
trinucleotide mutational signatures with median values
.0 (age-associated clock-like Signatures 1 and 5,
APOBEC-associated #2, and tobacco #4; fig. 1B), each con-
tributing to the flux of SNVs in the tumor at a calculated
weight (fig. 1A). The trinucleotide signature weight or com-
bination of trinucleotide signature weights contributing to
a specific variant (fig. 1A) times the proportion of muta-
tional causation attributable to each corresponding cancer
effect (fig. 1B) provides the probability each source contrib-
uted to each recurrent variant in this tumor (eq. 1, fig. 1C).
In this instance, age-associated Signature 1 is the most like-
ly contributor to tumor protein gene TP53 R282W, where-
as age-associated Signature 5 is the most likely contributor
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to Kruppel-like factor gene KLF E419Q and the odorant re-
ceptor OR2T34 L163L. However, only a few of the muta-
tions that occur in somatic tissue are thought to be
selected for their effects on growth or survival, and there-
fore causative of cancer, and the level of causation is pre-
sumably quantitative—that is, driver mutations within a
tumor are responsible to different degrees for themanifest-
ation of a cancer phenotype (Cannataro, Gaffney, and
Townsend 2018). In this case, TP53 R282W, a mutation

in a well-known driver gene found in many cancer types
(Wang and Sun 2017) has a higher cancer effect size than
KLF E419Q, a variant within a gene shown to promote can-
cer cell proliferation and survival in bladder and breast cells
(Chen et al. 2006; Zheng et al. 2009), and the olfactory re-
ceptor mutation OR2T34 L163L has negligible to no effect.

The product of the probability that each mutational
source contributed to each variant in this tumor and
the effect of the specific variant (fig. 1D) quantifies the

A

B

D E F

C

Fig. 1. Calculating the cancer effects by mutational source for a LUSC, TCGA-98-A53J-01A-11D-A26M-08. The respective products of (A) the
trinucleotide weights within each signature (Alexandrov et al. 2020), for example, a relatively frequent aging Signature 1 mutation, CCG→CTG,
leads to TP53 R282W; a relatively infrequent aging Signature 1 mutation, TCA→ TGA, leads to the KLF5 nonsynonymous mutation E419Q; and a
relatively infrequent aging Signature 1 mutation, GCA→GTA, leads to the OR2T34 synonymous mutation L79L; and (B) the proportions of
observed mutations in a tumor caused by each signature (aging [1], APOBEC [2], Tobacco [4], clock-like [5]) can be normalized to yield (C )
the probability each source contributed to each variant in this tumor. Each of these probabilities serves as a weight to multiply by (D) the cancer
effect size of each variant (Cannataro, Gaffney, and Townsend 2018), to yield (E) the probability-weighted portion of effect size for each variant
attributable to each source of mutations, stacked to compose (F ) the proportion of cancer causation attributable to each source of mutations
averaged over bootstrapped resampling of mutational signature calls. Individual points on the plots represent single calculations from each
bootstrap resampling. Bars represent median values. Whiskers represent 95% confidence intervals.
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probability-weighted cancer effect for each variant by each
source (eq. 3, fig. 1E). Summing the probability-weighted
cancer effect for each source across variants and averaging
over bootstrap samples yields the proportion of cancer
effect attributable to each source of mutations (fig. 1F).
Age-associated mutational Signature 1 contributed the
highest weight in TCGA-98-A53J-01A-11D-A26M-08, and
led to the largest estimated effect through its high prob-
ability of being causative in the TP53 R282W mutation.
Overall, the majority of the cancer effect within this tumor
sample is attributable to endogenous processes that accu-
mulate in a clock-like manner with age. Via deconvolution
of the mutational signatures responsible for recurrent var-
iants in cancer and calculation of the cancer effect sizes of
the nucleotide substitutions driving cancer evolution, we
have calculated which mutagenic sources fueling nucleo-
tide variation can be attributed as proportionally causative
of individual tumors in patients.

Mutagenic Input and Cancer Effect From Each Source
Can Differ Substantially within Tumors
The match between the proportional input to total muta-
tions by each mutagenic source (fig. 1B) and the propor-
tional cancer effect arising from each mutagenic source
(fig. 1F) varies in each patient’s tumor (fig. 2).
Quantifying the degree of match between proportional
mutational input and proportion of cancer causation by
the Jensen–Shannon Divergence (JSD), we found the tu-
mor type with the lowest median mismatch to be primary
skin cutaneous melanoma (primary SKCM, fig. 2A). The
mutational input to the majority of the primary SKCM tu-
mors could be entirely attributed to UV radiation (7a–d,
38). Accordingly, all of the cancer effect from the somatic
SNVs was attributable to these signatures as well. This
match resulted in JSD values of zero for the majority of
SKCM tumors. Similarly, the lowest-JSD tumor for human
papillomavirus negative head-and-neck squamous-cell car-
cinoma (HPV-negative HNSC) exhibited all mutational
weight and effect size attributable to UV signatures.
Indeed, the tissue of origin of this particular head-and-neck
cancer was the sun-exposed lip (Grossman et al. 2016).

Other tumors, such as TCGA-EB-A82B in primary
SKCM, exhibited a greater mismatch between processes
driving mutation accumulation and the processes contrib-
uting high-effect variants. In the bootstrap sample with the
median JSD value for this tumor, 44% of somatic mutations
to TCGA-EB-A82B were attributable to age-associated
Signature #1; in contrast, over 99% of the cancer effect is
attributable to signatures associated with UV light and
clock-like Signature #5. These mismatches are even more
frequent in 24 other tumor types analyzed (colon adeno-
carcinoma, fig. 2B; and human papillomavirus negative
head-and-neck squamous-cell carcinoma, fig. 2C—both
tumor types with intermediate median JSD values—and
thyroid cancer, exhibiting the greatest median mismatch
across tumor types, fig. 2D; supplemental fig. S1,
Supplementary Material online).

Mutagenic Input and Cancer Effect From Each Source
Can Differ Enormously Among Oncogenic Variants
Within Each Cancer Type
Many well-known processes have been established as ma-
jor contributors to tumor mutation burden, such as to-
bacco in lung tissues, UV radiation in skin tissues, and
APOBEC cytidine deaminases in bladder, cervical, and
HNSC tissues. However, mutational processes are
trinucleotide-specific, which leads to differences in under-
lying amino-acid mutation rates depending on the se-
quence context of each variant site. Moreover, the
mutational process most likely to originate an oncogenic
variant can not only differ from variant to variant, but
can also differ from the mutational process that causes
the greatest number of mutations within each tumor
type (fig. 3).

For instance, among preventable processes, mutations
in lung adenocarcinoma (LUAD) and lung squamous-cell
carcinoma (LUSC) were most frequently attributed to
tobacco-associated mutagenesis (fig. 3A and B). The high
attribution of the Kirsten rat sarcoma virus protein
(KRAS) G12C mutations to this lung-specific mutagenic
process explains their high frequency in LUAD compared
with other RAS-driven cancer types such as pancreas or co-
lon adenocarcinomas. Major driver variants of KRAS and
TP53, in LUAD and LUSC, respectively, exhibit markedly
different origination rates from tobacco-associated pro-
cesses. Perhaps most notable is the minimal attribution
of EGFR L858R to tobacco-associatedmutagenic processes.
The attribution of tobacco-associated mutagenic processes
to the cancer effects of KRAS G12 variants and epidermal
growth factor receptor (EGFR) L858R (fig. 3A) are consist-
ent with—and provide an explanation for—the increased
odds of KRAS mutation in tumor tissue of ever smokers
compared with never smokers, as well as the increased
odds of EGFR mutation in never smokers compared with
ever smokers (Chapman et al. 2016). Even nucleotide var-
iants that do not cause an amino-acid substitution have
quantifiable cancer effects that can be attributed to muta-
genic processes—for example, TP53 synonymous mutation
T125T, which affects splicing of the TP53 transcript (Varley
et al. 2001), is attributable to tobacco-associated signatures
in both LUAD and LUSC (fig. 3A and B).

Distinct major driver mutations within the same cancer
type can be attributed to different mutagenic processes.
UV light associated Signatures 7a–d and 38 are the most
likely source of the majority of the cancer effect contribu-
ted by v-raf murine sarcoma viral oncogene homolog b1
(BRAF) V600E, the most prevalent (and most strongly se-
lected [cf. Cannataro, Gaffney, and Townsend 2018]) dri-
ver of primary SKCM (fig. 3C). In contrast, one major
oncogenic variant common to SKCM (KIT K642E) is al-
most entirely attributable to defective homologous re-
combination and age-associated processes, rather than
UV-associated processes (fig. 3C). In liver hepatocellular
carcinoma (LIHC), the greatest proportions of cancer ef-
fect for several oncogenic somatic variants such as TP53
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R249S and catenin beta 1 (CTNNB1) D32V are attributable
to mutagenic chemical exposure. Nevertheless, the great-
est proportions of cancer effect in several other CTNNB1
variants are attributable to processes with as-yet unknown
etiology that may in the future be linked to other muta-
genic chemical exposures (fig. 3D). In bladder urothelial
carcinoma (BLCA), major oncogenic mutations were at-
tributed to signatures indicative of APOBEC cytidine dea-
minase activity, the major contributor to tumor mutation
burden in BLCA. APOBEC cytidine deaminases are thought

to be activated by exposure to viruses, which may be pre-
sumed to be preventable. Although six of the top ten var-
iants as determined by cancer effect were largely
attributed to nonpreventable, age-associated processes;
four known cancer-driver variants (fibroblast growth
factor receptor FGFR3 S249C, erythroblastic oncogene
B ERBB2 S310F, phosphatidylinositol-4,5-bisphosphate
3-kinase catalytic subunit alpha PIK3CA E545K, and
PIK3CA E542K) were almost entirely attributed to
the action of APOBEC cytidine deaminases. Cervical

A B

C D

Fig. 2. Box plots of the median JSD between the proportional input of each mutagenic source and the proportion that each signature contributed
to the total cancer effect in each tumor among 1,000 bootstrap samples, accompanied by the proportions of observed mutations in a tumor
caused by each signature (signature weight, SW) and the proportions of cancer causation attributable to each source of mutations (cancer effect
weight, CEW), for the median JSD resampling of five tumors (filled dots) bounding the quartiles of the JSD among tumors, for four cancer types
that bound the tertiles of median JSD among cancer types: (A) the cancer type with the least median divergence between the proportional input
of each mutagenic source and the proportion that each signature contributed to the total cancer effect, primary SKCM, (B) Colon adenocarcin-
oma (COAD), (C) HPV-negative HNSC, and (D) the cancer type with the greatest median divergence between the proportional input of each
mutagenic source and the proportion that each signature contributed to the total cancer effect, Thyroid carcinoma (THCA).
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A B

C D

E F

G H

Fig. 3. Average contributions of each mutational process to the total mutation burden among 1,000 bootstrap resamples (top stacked bars), and
median across bootstraps cross-tumor average cancer effects of variants classified as drivers (bottom stacked bars). Cancer effect is quantified
proportionate to the total cancer effect in each tumor, and variants are filtered to include only genes classified as drivers in (Bailey et al. 2018).
For each cancer type, the average contribution of the dominant preventable process (quantified by the bar width left of the x-axis origin) and the
nondominant or nonpreventable processes (quantified by the bar width right of the x-axis origin) to total mutation is shown, above the top 10
variants contributing the greatest cancer effect to primary tumors of that cancer type, ordered by the average proportional effect size attrib-
utable to that variant from all of the nondominant or nonpreventable mutational processes, alongside the average contribution of the dominant
preventable processes (left of the x-axis origin) and the nondominant or nonpreventable processes (right of the x-axis origin) to cancer effect
(measured proportionate to the total effect in each tumor). (A) Lung adenocarcinoma (LUAD), (B) LUSC, (C ) SKCM (primary tumors only),
(D) Liver hepatocellular carcinoma (LIHC), (E) Bladder urothelial carcinoma (BLCA), (F ) Cervical squamous cell carcinoma and endocervical
adenocarcinoma (CESC), (G) HPV-negative HNSC, and (H ) HPV-positive HNSC. Whiskers represent 95% confidence intervals, supplemental
table S1, Supplementary Material online contains all confidence intervals of average cancer effects of variants pictured.
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squamous-cell carcinoma and endocervical adenocarcin-
oma (CESC), HPV-negative HNSC, and HPV-positive
HNSC were also bestrewn with APOBEC-associated muta-
tions. CESC and HNSC also exhibited diversity in which
process was most likely to originate each oncogenic
variant (Cannataro et al. 2019); however, attributions of
APOBEC-associated processes for the origination of onco-
genic PIK3CA E542K and PIK3CA E545K mutations are
consistent across multiple cancer types (cf., fig. 3B, E–H ).

Relative Mutagenic Input and Relative Cancer Effect
are Specific to Each Tumor Type
The mismatches between the proportional input to total
mutations by each mutagenic source (fig. 1B) and the pro-
portional cancer effect arising from each mutagenic source
(fig. 1F) exist not only at the level of individual tumors, but
also at the level of tumor types—where they indicatewhich
mutational sources make an outsized contribution to the
causation of cancer compared with their production of
mutations, and vice versa. Many tumor-type mutational
signature pairs exhibit statistically significant differences
between the proportional input to total mutations by
each mutagenic source and the proportional cancer effect
arising from each mutagenic source (continuity-corrected
Wilcoxon two-sided rank-sum tests, P, 0.05; fig. 4A;
supplemental table S2, Supplementary Material online).

For example, APOBEC-related Signatures 2 and 13 ex-
hibit larger mutation weight than cancer effect across
many cancer types, as do Signatures 10c–d, 17a, and 18.
Some signatures contribute to higher proportional cancer
effect than mutational weight, such as Signature #40,
clock-like #5, defective homologous recombination asso-
ciated #3, and age-associated Signature #1. These specific
signatures contributed higher proportional cancer effect
than mutational weight in 9, 9, 8, and 7 tumor types, re-
spectively. In lower-grade glioma (LGG), the age-associated
Signature #5 constitutes much more of the mutation
weight than its cancer effect (mean 36% compared with
14%), whereas age-associated Signature 1 has the opposite
relationship (47% compared with 82%). This difference be-
tween the two age-associated signatures is largely attribut-
able to the high-effect size of isocitrate dehydrogenase 1
(IDH1) variants, which occur predominantly as a conse-
quence of ACG→ATG mutations that are frequent in
Signature 1 and rare in Signature 5. A similar contrast
can be seen in thyroid adenocarcinoma, wherein the
APOBEC-associated Signature 2 exhibits high mutation
weight and very little cancer effect (24% compared with
2%), and wherein the aging Signature 5 exhibits much
more cancer effect than mutation weight (83% compared
with 29%). This contrast comes about because thyroid
adenocarcinoma is often driven by BRAF V600E mutations
that convey enormous cancer effects, and BRAF V600E
mutations come about frequently as a consequence of
GTG→GAG mutations that are found at low frequency
within the aging Signature #5, but are found at extremely
low frequency within APOBEC Signature #2.

Preventable Mutational Processes Contribute
Substantially to Causation of Skin, Lung,
Head-and-Neck, Bladder, and Cervical Cancer
Among the non-age-related etiologies are a number of
mutational processes that are putatively “preventable”—
in that they can be mitigated by individual behaviors or in-
terventions (fig. 4B and C). Skin cancer, lung cancer,
HPV-positive head-and-neck cancer, bladder cancer, and
cervical cancer are notable for the dominant role of puta-
tively preventable processes underlying both raw somatic
SNV mutation weight (fig. 4A) and cancer effect (fig. 4B).
Lower-grade glioma (LGG), glioblastoma (GBM), and pros-
tate adenocarcinoma (PRAD) are notable for the lack of
putatively preventable processes underlying both raw mu-
tation weight and cancer effect.

In thyroid carcinoma (THCA), an average of 46% of the
underlying total mutational burden is attributable to the
processes associated with APOBEC activity. Thus, minimiz-
ing APOBEC mutagenesis (potentially by avoiding or sup-
pressing viral infections) would prevent a large proportion
of mutations. However, the processes attributable to the
variants of highest cancer effect are nearly all associated
with aging. Consequently, prevention of APOBEC-
associated mutation would likely do little to prevent the
majority of THCA. A contrasting case is the lung cancers:
the net cancer effects of the SNVs attributable to tobacco
chewing (7.6% in LUAD and 10% in LUSC) and tobacco
smoking (46% in LUAD and 28% in LUSC) are larger
than the mutation weights of these sources of mutagenesis
(6% and 7% for tobacco chewing and 36% and 22% for
smoking in LUAD and LUSC, respectively; P, 0.001 for
all relationships; Wilcoxon rank-sum test).

Age-associated Mutational Processes Contribute
Substantially to Causation of Glioma, Prostate,
Thyroid, Pancreatic, and Colorectal Cancer
Because each mutagenic process is linked to a trinucleo-
tide variant signature that has been identified as clock-like
(ubiquitous and age-associated) or non-clock-like (not as-
sociated with age; Alexandrov et al. 2015, 2020), the pro-
portion of total mutations attributable to clock-like
processes and non-clock-like processes in each cancer
type can be quantified (fig. 4B). Among tissues, the cancer
types with the greatest proportion of total mutations con-
tributed by non-clock-like processes are melanoma (pri-
mary and metastatic), lung cancers (adenocarcinoma
and squamous-cell carcinoma), head-and-neck cancers,
urothelial bladder carcinoma, cervical squamous-cell
carcinoma, and liver hepatocellular carcinoma. Lower-
grade glioma exhibits the greatest proportion of total
mutations contributed by age-associated, “clock-like”
processes. Moreover, with regard to the explanation of
tumorigenesis and cancer incidence, the cancer effect
attributable to age-associated processes and non-
age-associated processes in each cancer type can be
quantified (fig. 4C). Among tumor tissues, those with the
greatest proportion of cancer effect contributed by
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A

B C

Fig. 4.Mutational process weights and cancer effects for unknown and etiology-associatedmutation signatures. (A) Relative contributions (aver-
aged across bootstraps and tumors) of mutational signatures to total substitution burden (black half-circle) and cancer effects (red half-circle)
across 24 cancer types. Cancer effect weights that are not statistically significantly different from mutation weights by a paired Wilcoxon two-
sided rank-sum test (comparing only tumors with the signature present) are indicated by light and dark gray half-circles. Comparisons are only
visualized and statistical associations tested if 30 or more tumors had corresponding signatures. Relative contributions to (B) total somatic SNVs
and to (C ) relative cancer effects (averaged among 1,000 bootstrap resamplings) of age-associated, preventable, and unknown processes across
24 cancer types.
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age-associated processes are gliomas (LGG, GBM), thyroid
cancer, and prostate adenocarcinomas, consistent with
the strong association of the incidence of these cancers
with age (Dubrow and Darefsky 2011; Rawla 2019), as
well as pancreatic cancers. Primary and metastatic melan-
oma, lung adenocarcinoma, liver hepatocellular carcin-
oma, and HPV-positive head-and-neck squamous-cell
carcinoma exhibit the greatest proportion of cancer effect
contributed by non-age-associated processes, consistent
with the strong association of these cancers with exogen-
ous factors (UV exposure, smoking, mutagenic chemical
exposure, and HPV infection).

Our analysis attributes an amount of cancer causation to
such endogenous and non-preventable processes that varies
widely among cancer types. Cancer types varied in the de-
gree to which their causation was associated with COSMIC
Signature 1, which correlates with stem-cell division in differ-
ent tissues (Alexandrov et al. 2015) and represents the
processes associated with the mitotic clock (fig. 3C; cf.,
Tomasetti and Vogelstein 2015; Tomasetti et al. 2017), ran-
ging from small contributions (,10%) in primary and meta-
static SKCM, THCA, LUAD, and LUSC, to 82% of the cancer
effect in LGG. Combining the replication-associated and
nonreplication-associated signatures that correlate with
age, cancer effect attributable to all age-associated processes
ranged from 9% in primary SKCM to 96% in LGG; in 17 of the
cancer types (stomach adenocarcinoma (STAD), colon
adenocarcinoma, HPV-negative and -positive HNSC, CESC,
Breast invasive carcinoma (BRCA)—ER positive and nega-
tive, Kidney renal clear cell carcinoma (KIRC), Uterine
Corpus Endometrial Carcinoma (UCEC), CESC, BLCA, ovar-
ian cystadenocarcinoma (OV), LIHC, LUSC, LUAD, primary
and metastatic SKCM) a minority of cancer causation was
attributable to age-associated processes. Age has not been
associated across cancer types with any of the signatures
that have unknown etiology (Alexandrov et al. 2020).
Greater than 35% of the cancer effect leading to kidney renal
clear cell carcinoma (KIRC) is attributed to unknown muta-
tional processes; breast invasive carcinoma (ER− and +),
OV, esophageal carcinoma (ESCA), STAD, LIHC, and PRAD
all have 20% ormore of their cancer effect caused by current-
ly unknown or unattributed mutational processes (fig. 4C).

Discussion
Here we have shown that the impact on carcinogenesis of
mutagenic processes associated with SNV signatures can
be quantified. This quantification is distinct from the num-
ber or proportion of mutations that can be attributed to a
process, because it accounts for the extent to which each
mutation contributes to the cancer phenotype—increased
replicative and survival advantage in each tissue and can-
cer type—via SNVs. We have shown how to use the pro-
portions of observed mutations in a tumor caused by
each signature to calculate the probability that each mu-
tational source contributed to each variant in this tumor.
Each of these probabilities serves to weight the cancer ef-
fect size of each variant, yielding the probability-weighted

portion of effect size for each variant attributable to each
source of mutations and thus the proportion of cancer caus-
ation attributable to each source of mutations. In turn, the
quantification of increased cellular replication and survival
within each tumor, characterized across a population of pa-
tients, provides a reductionist molecular approach toward
quantifying the degree to which a process can be held re-
sponsible for carcinogenesis in a cancer type that is wholly
distinct from traditional epidemiological studies.

Our analysis of the cancer effects of single-nucleotide
mutations and associated signatures has been enabled by
quantitative estimates of their intrinsic mutation rates
(Fousteri and Mullenders 2008; Stamatoyannopoulos et al.
2009; Lawrence et al. 2013). Deconvolution of the quantita-
tive contributions of known mutation signatures explains
the high prevalence of KRAS G12C and low prevalence of
EGFR L858R in ever smokers, and the converse relationships
in never smokers. It illuminates the potent role of UV light
in BRAF V600E-drivenmelanoma. It attributes major drivers
PIK3CA E542K and E545K to the potentially virally-induced
action of APOBEC cytidine deaminases, and highlights
unknown processes that deserve further identification
such as those underlying high-cancer-effect SNVs of LIHC.
Importantly, germline variants, copy-number variation, epi-
genetic alterations, and changes to the aging tissue micro-
environment also contribute to the cancer phenotype
(Mroz et al. 2015; Ramakodi et al. 2016; Liggett and
DeGregori 2017; Montgomery et al. 2018; Sun et al. 2018;
Laconi et al. 2020). Incorporation of signatures associated
with these kinds of alterations (Macintyre et al. 2018) and
of attributions of each signature to relevant sources would
markedly increase the purview of inferred cancer causation,
revealing a full picture of the importance of diversemechan-
isms behind the spectrum of genomic alterations fueling
cancer evolution.

For an individual cancer patient, calculation of the rela-
tive cancer effect of diverse sources of mutation provides
an estimate of how much each mutagenic process is re-
sponsible for an individual’s cancer. From a public health
perspective, these calculations constitute a bridge be-
tweenmolecular studies and longstanding epidemiological
analyses that have associated behaviors (e.g., smoking) or
professions (e.g., sun exposure) with cancer incidence.
Public health intervention targeted at minimizing expos-
ure to these preventable signatures would mitigate disease
severity by preventing the accumulation of mutations that
directly contribute to the cancer phenotype. Finally, our
findings connect specific mutagenesis patterns and pro-
cesses with cancer, providing guidance as to why an in-
stance of cancer happened—and have promise to play a
significant role in demonstrating individual as well as
group-level cause for legal recourse due to carcinogenic ex-
posure (e.g., Lee 2016).

The quantification of cancer effect attributable to specific
sources of mutation has evident parallels to epidemiological
results that assess the effect of risk factors on cancer caus-
ation (Shield et al. 2016). These epidemiological results often
rely on correlation, and calculate an increase in the
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probability of cancer in relation to some behavior or expos-
ure. Calculations of the relative cancer effect of diverse cor-
rectly identified sources of mutation relate the mutations
driving tumorigenesis to mechanistic processes. However,
multiple challenges impede their use at a population level
in comparison to longstanding, well-crafted epidemiological
studies: (1) conducting appropriate tumor sampling—most
large tumor sequencing studies are sampled haphazardly,
without reference to a distinct population, without stratifica-
tion or even “random” sampling; (2) formulating an “apples
to apples” quantitative mapping comparing proportions of
effect to odds ratios; and (3) forming a discrete mapping of
mutational signatures to mechanistic processes to epidemio-
logical factors. These mechanistic annotations associated
with COSMIC Signatures are critical to our interpretations
of these results, and range in surety from well-established
(e.g., UV #7 and smoking #4), to presumptive (e.g., indirect
damage from UV light #38). Proposed etiologies reflect asso-
ciations with processes—not necessarily direct causation
(Koh et al. 2021).

Recent research has touched on a debate as to what ex-
tent “bad luck”—endogenous mutagenic processes that
accumulate naturally with age—plays a role in the inci-
dence of cancer arising in various tissues. Here, we ad-
dressed the question regarding the relative contributions
of exogenous and endogenous sources of mutation to
tumorigenesis by quantifying the strength of selection
on specific variants that are driving tumorigenesis, and at-
tributing the variants back to the mutational processes
that originally fueled their creation. We found that signa-
tures relating to aging processes (#1 and #5) were respon-
sible for the majority of cancer effects in tumors of the
brain (LGG, GBM) and tissues with large amounts of epithe-
lial turnover (Rectum adenocarcinoma (READ), COAD,
STAD, and esophageal squamous-cell carcinoma (ESCC)).
Other tumors whose cancer effects could largely be attrib-
uted to aging include PRAD—a tumor type strongly asso-
ciated with age (Bostwick et al. 2004), THCA (whose
major single-nucleotide driver, BRAF V600E, is more likely
to be caused by mutations associated with clock-like
Signature 5 than by mutations associated with other signa-
tures), and pancreatic adenocarinomas (PAAD). Several tu-
mor types have large proportions of the cancer effect size
directly attributable to mutational processes that are pre-
ventable, that is, interventions could reduce the mutations
in these tissues that are responsible for the cancer-causing
variants. CESC, HNSC, and BLCA are largely driven by muta-
tions attributed to virus-induced APOBEC activity, SKCM is
largely driven by UV light exposure, and mutations respon-
sible for increased proliferation and survival of cancerous
cells within lung cancers trace back to smoking.

The importance of understanding the underlying sources
of mutations that are selected along the molecular evolu-
tionary trajectory toward cancer in each and every patient
is underscored by the remarkable successes of antismoking
interventions against carcinogenic exposures, which have
saved many lives (Holford et al. 2014). Many lives can be
saved by preventing the origination of somatic mutations

that lead to cancer, and quantification of the relative roles
of these mutagenic processes in each cancer type provides
essential guidance toward suitable strategies for prevention.
In our study, some cancer types such as KIRC, ESCA, STAD,
and BRCA (ER−) exhibited a large proportion of cancer ef-
fect that was attributable to signatures with unknown eti-
ology. We are likely to gain greater insight into these
mutational signatures—including whether they are en-
dogenous or exogenous, and whether they come from
sources that are preventable. As we do so, we may discover
additional preventable mutational processes that can be
mitigated by proactive public health interventions.

Methods
To attribute the increased cellular reproduction and sur-
vival conferred by SNVs responsible for cancer growth to
their underlying mutational processes, we determined
the mutational signatures within individual tumors, calcu-
lated the effect size of each single-nucleotide substitution
among tumors in each tumor type, and evaluated the like-
lihood that each of these substitutions was the product of
each mutational source within each tumor. Thus, single-
nucleotide substitutions responsible for the largest influ-
ence on cellular division and survival—and hence the tu-
mor phenotype—may be attributed to the root sources
of molecular variation within each somatic tissue. We ana-
lyzed the pan-cancer whole-exome tumor sequencing da-
taset curated in Cannataro, Gaffney, and Townsend (2018),
except all Yale-Gilead tumors that might have been trea-
ted with chemotherapies were removed (removed tumors
in supplementary table S3, Supplementary Material
online). Scripts used to perform these analyses are avail-
able online (Townsend-Lab-Yale).

Attributing Sources of Mutation within Tumors
To attribute observed sets of substitutions in tumors to the
underlying sources of mutations, we used the R package
MutationalPatterns v3.0.1 (Blokzijl et al. 2018) to extract
version 3.2 COSMIC Signatures from each tumor’s set of
nonrecurrent substitutions. We excluded recurrent var-
iants because they are much more likely to be under selec-
tion in the cancer cell population; nonrecurrent mutations
more accurately reflect mutational influx. To minimize sig-
nature bleeding because some COSMIC signatures share
similarmutational profiles, we limited the number of signa-
tures detectable in each tumor type to those signatures de-
tected at any prevalence in tumors of that type previously
by Alexandrov et al. (2020), with the addition of enabling
inference of COSMIC single-base substitution signature
SBS16 within esophageal squamous-cell carcinoma (Li
et al. 2018). We also applied the recommended minimum
threshold for the number of substitutions necessary to at-
tribute to a signature associated with increased mutagen-
esis. For example, signatures attributable to defective
DNA mismatch repair were only allowed in tumors with
over 200 substitutions (Alexandrov et al. 2020). Some tu-
mors analyzed exhibited fewer than 50 substitutions
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(supplemental fig. S2, Supplementary Material online)—a
threshold belowwhich precise deconvolution ofmutation-
al signatures has been deemed problematic with a previous
signature deconstruction algorithm (Rosenthal et al. 2016).
For these tumors, we mixed the MutationalPatterns esti-
mates of the signature weights for the specific tumor
with the average signature weights for the tumors with
50 ormore substitutions of the same tumor type, weighting
the former in proportion to the number of variants in the
tumor out of 50. We constructed 1,000 resamplings of the
variant sets within each tumor using the built-in bootstrap-
ping functionality of MutationalPatterns and analyzed
each to result in 1,000 estimates of the underlying signa-
tures for each tumor. Subsequent calculations that utilize
these signatures for each tumor, such as the effect size
and effect size attribution calculations, were performed
on each batch of the bootstrap resampling. Averages
(means and medians) across bootstrap resamplings were
reported as our estimate, along with 95% error bars based
on the 25th and 975th sorted bootstrapped values.

As some COSMIC signatures have been attributed to
artefactual processes such as sample handling and sequen-
cing, we focused on the tumor-type-specific subset of sig-
natures that represent biologically relevant mutational
processes, B (Alexandrov et al. 2020). To determine the
proportions of mutations attributable to each biological
signature in each tumor, we divided the weights of each
biological signature within the tumor by the sum of all bio-
logical signature weights. That is, letting wf

� represent the
original fitted weights of all signatures in a tumor, we de-
fine the relative biological weights�c such that, for each sig-
nature i∈ B,

ci = wfi∑
b[B

w fb
.

Supplementary Material
Supplementary data are available atMolecular Biology and
Evolution online.
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